ABSTRACT The blastability grading of a rock mass is an important parameter for the blasting design in metal mines. Appropriate blastability grading results guide the production to increase the efficiency and reduce the costs. In this paper, the multi-factors index system of the rock mass blastability consisting of the density, the p-wave velocity, the wave impedance, the uniaxial compressive strength, the rock elasticity, and the uniaxial tensile strength is determined for the Tongkeng ore in Guangxi, China. The determination of such indicator system is based on the multi-factors interaction, ambiguity, and randomness of the rock engineering system (RES). Based on the system engineering theory, a new improved RES-multidimensional cloud rock mass blastability classification model is established. The results show that the cloud-inference expert semi-quantitative (CESQ) can effectively obtain the expert experience and decrease the subjectivity of the traditional RES methods, and based on the improved fuzzy RES, the interaction factors among the factors and the systems affecting the blasting morphology of the rock mass are analyzed. Moreover, the importance of in situ testing of mechanical parameters of different rock masses is determined; finally, the five 6-D cloud models for the rock mass blastability grade are generated via the multidimensional cloud theory. The program is designed to support the engineering case analysis and is consistent with the results of the sample blasting experiment. A biased evaluation of the edge results is carried out, and this improved the actual usability of the evaluation model.
I. INTRODUCTION
In the mining process used in metal mines, blasting is still nowadays the principal means of mine production. Therefore, related research on the blastability grading of the rock mass is an important subject in the field of mine blasting. The blastability of a rock mass is a comprehensive characterization of the rock mass fracture properties subjected to a dynamic load. It affects the blasting design parameters, the estimation of the dosage, and the quality of the rock mass fracture. An accurate grading of the rock mass of the engineering applications can be used to optimize the selection of the explosive, improve the The associate editor coordinating the review of this manuscript and approving it for publication was Weizhi Meng.
blasting efficiency, and significantly reduce the overall cost of mining operations. The rock mass engineering structure is complex and is a composite fuzzy system with many influencing factors. Different rock masses have different degrees of fracture upon the same blasting dynamic load conditions. It is proved that the performance of a rock mass in blasting and in fracturing is determined by multiple factors in the system. Currently, research on the blastability evaluation of the rock mass has its own advantages and disadvantages. In its initial investigation stage, several quantitative physical and mechanical parameters of the rock mass are selected to constitute the basis of the analysis. Moreover, a unique representative value is calculated by using a selected index, such as the Bond's work index, the Hino's blastability coefficient, the rock factor, VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ the blastability index, or the LILLY empirical method to assess the rock mass blastability [1] - [3] . The rock mass fracture is indeed extremely complicated by the nature of the rock mass and it holds the characteristics of a multi-factor random fuzzy system. Therefore, the evaluated results of a few cases may be deviated from the actual ones. Artificial intelligence algorithms propose a new method to address the multi-index evaluation of the rock mass blastability and aim to solve this problem [4] , [5] . Feng et al established an artificial neural network (ANN) approach for a comprehensive classification of rock stability, blastability, and drillability [6] . A feedforward back-propagation neural network was developed by Han et al. to classify the rock mass blastability [7] . Hu et al. established a matter-element extension prediction model on the basis of a reasonable rock mass blastability classification in order to effective predict of ore body surrounding rock [8] . Xue et al. proposed the attribute recognition model (ARM) to assess and classify the rock mass blastability in engineering blasting. This method is based on the attribute mathematical theory [9] . Azimi et al. investigated a fuzzy logic based blastability designation predictor model [10] . In Aref's study, the fuzzy algorithm was used to express the blastability index by employing fuzzy sets. Fuzzy BIs have more adjustment than conventional BI models [11] . [12] . In addition, other methods include the projection [13] and the attribute recognition methods [2] . These studies have perfected the theoretical analysis of the rock mass blastability classification from different angles. By analyzing these studies, one notices that the traditional single indicator evaluation often does not take into consideration the uncertainty on the index factor. Moreover, the grading boundary is too clear and the ambiguity and randomness of the index factor are ignored. The application of ANN and fuzzy mathematics takes fuzziness into account, despite it only uses multiple indicators for a comprehensive evaluation and it disregards the possible interaction between various factors. These schemes only involve multiple indicators in the evaluation, but they do not examine the relationship among rock fragmentation systems.
In order to obtain such a multi-factor characterization, the complexity, and the ambiguity of the rock mass system, the coupling mechanism among the rock mass system factors is analyzed by employing a rock system engineering method [14] , which makes use of experts experience. However, Rock System Engineering (RES) analysis relies primarily on factor interaction matrices. There are many ways to encode an interaction matrix. These methods are summarised below: 1. binary method; 2. Expert Semi-quantitative (ESQ); 3. linear relationship method; 4. More numerically via a partial differential relation. In general, RES is primarily based on expert semi-quantitative (ESQ) coding methods, which express the experience of field experts. The RES method has been researched for more than 20 years, and with many developments that have been made, the method has been used in various projects around the world [15] , [16] . In the long-term research process, many coding methods for improving the RES interaction matrix have been proposed. Zare Naghadehi et al., and Zare Naghadehi and Jimenez combined RES with the Back Propagation algorithm to propose a new Mine Slope Instability Index (MSII) [17] , [18] . Khorasani et al., proposed an improvement of RES and applied The Probabilistic Expert Semi-Quantitative coding method (PESQ) where probabilities are assigned to the different coding values considered for each matrix interaction [19] . Ferentinou et al., proposed coupling of RES with selforganizing Maps as an improvement to an objective, holistic coding method of the generic interaction matrix device [20] . It can be seen from the above that the improvement of the coding matrix is not only a numerical method but also artificial intelligence algorithms with different advantages are gradually used for the improvement of various coding methods.
At the same time, the artificial intelligence algorithm cloud model [21] can better simulate the fuzzy transformation and find a match between the qualitative and the quantitative methods. Since the introduction of the cloud model, it has been widely used in the quantification of natural language, engineering evaluation, automation control, event prediction, and image processing [22] - [24] . Its excellent performance has been proven by more articles. In the process of engineering evaluation, one-dimensional cloud is used more. The traditional one-dimensional cloud only transforms the system factors individually. Moreover, it is more complex to generate cloud images when there are many index factors. The one-dimensional cloud does not reflect the process of cross-influence among system factors.
Therefore, based on the uncertain cloud theory, a cloudexpert semi-quantitative (CESQ) coding method is proposed to decrease the subjectivity of the RES. The weight of the index factors is determined via the RES. Furthermore, an improved RES-multidimensional cloud model is established to classify the rock mass blastability. Compared with the traditional grading model, this model combines an expert experience analysis and algorithm model to increase the applicability of rock mass blastability evaluation of small data sets in specific rock mass engineering. The cloud reasoning coding method is used to blur the expert natural language, which improves the applicability of the subjective evaluation method. The multi-dimensional cloud model is used to reflect the randomness and ambiguity of the actual project, and the auxiliary judgment ability of the model is strengthened. The validity of this model was tested by an engineering evaluation.
II. CLOUD MODEL THEORY A. NORMAL CLOUD MODEL AND ALGORITHM DESCRIPTION
People use their language to think in their daily lives. Mathematical logic operations are rarely used between people. A vague language does not affect the correct understanding or hinder the progress of thinking reasoning. Therefore, using the conceptual method to grasp the uncertainty of the quantitative problem is more realistic and more universal than the determined mathematical expression.
In order to reflect the mutual transformation between qualitative concepts and quantitative knowledge and the elastic reasoning between languages. Academician Li proposed a cognitive model-cloud model (CM). CM is a two-way cognitive model between the natural concept and quantitative representation constructed on the basis of classical probability theory and fuzzy mathematics. Let U be a quantitative set, L a qualitative concept in U , and the definite parameter x ∈ U a random occurrence in L. The membership degree of x in C is µ(x), where µ(x) is a random number with a stable tendency. The distribution of (x,µ(x)) in U is called the cloud [25] , [26] . CM is expressed by the following values: expectation (Ex), entropy (En), and hyper entropy (He).
Ex: The basic measure of qualitative concepts. The central value of the natural concept in the domain of the space is also a typical sample point of a concept. For example, we define a high temperature of around 35 degrees, and 35 degrees is the expected value of the high-temperature concept.
En: Measures the uncertainty of the qualitative concept. Entropy is determined by the cognitive range of the concept. For example, different people have different perceptions of high temperature, and can be perceived as the high temperature between 33 degrees and 37 degrees;
He: It is used to characterize the degree of cloud droplet dispersion. When He is larger, the membership degree of random realization of an event has greater randomness, indicating that the degree to which a certain concept is accepted is smaller. For example, at a temperature of 34 degrees, different people believe that this temperature belongs to the hightemperature concept with different degrees.
Construct a general normal cloud model with Ex = 1, En = 1/3, and He = 0.1. This concept is shown in Figure 1 .
The quantitative realization of L on U is obtained via a forward cloud generator. With the help of an algorithmic language, CM can be presented in the form of cloud drops [4] , [27] , [28] . If x satisfies x ∼ N (Ex, En' 2 ), where En'∼ N (En, He 2 ), the membership degree of x to L can be obtained by Eq. (1):
(1)
B. CLOUD-INFERENCE THEORY
The Cloud-inference process is a method of uncertainty reasoning, which can be used to express qualitative inference (2) Post Cloud Generator Input: The membership degree µ(x) of the front cloud; Output: A cloud drop y having a membership degree µ(x).
In this study, the extended multi-condition and multi-rule reasoning algorithm [29] , [30] is used. The principle is shown in Figure 2 : 
C. MUITIDIMENSIONAL CLOUD MODEL AND ALGORITHM DESCRIPTION
For an actual system, a unique nature of the system is often not determined by only one factor. Similarly to the concept of ''health'', which has to be explained with the two dimensions of physical health and mental health. Therefore, the extension of a ''multidimensional cloud'' [31] , [32] makes it easier to describe the qualitative concept of a multi-factor interaction in the actual situation.
Given the existence of a natural concept C in the n-dimensional domain U, x in U is a feature of the concept C. If C has multiple constraint features x, and x(x 1 , x 2 , . . . ,
. . , He n ) 2 ). Therefore, the µ(x) of x for C satisfies:
The distribution of x(x 1 , x 2 , . . . , x n ),µ(x) on U is then an n-dimensional cloud. The specific algorithm steps are as follows [33] 
is the value of each feature dimension, µ i is the point corresponding to the cloud Membership is a random implementation of the concept using cloud models on multidimensional values; (4) Repeat steps (1) ∼ (3) N times with the loop statement, and keep all the cloud drops, which is a multidimensional cloud model.
III. IMPROVEMENT OF THE RES THEORY
The RES theory is a method of coupling analysis for complex rock engineering systems, which is based on the experts' experience. The RES theory can analyze the interaction relationship among various factors based on the interaction mechanism of binary interactions with multiple interactions in the system. The RES describes complex rock systems by constructing multi-factor interaction matrices [16] . Figure 3 shows the X 1 . . . X n , n factor interaction matrices. The diagonal distribution of the matrix in Figure. 3 is the factor, which affects the blastability of the rock mass system. For example, X 1 and X 2 form a binary interaction. The intersection of the two-factor diagonal intersection area I 12 represents the influence of X 1 on X 2 while the code below the diagonal line I 21 represents the influence of X 2 on X 1 . On this basis, the two-factor coding areas above and below the diagonal in the design matrix are designed.
In order to perform a systematic analysis of all factors in the matrix, the sum of the row codes through X i is called the ''cause'' (C) and the sum of the column codes is called the ''effect'' (E). C represents the influence of X i on the system and E represents the constraint of the system on X i . The C + E value is the interaction strength between the factor and the system to calculate the importance of X i in the rock mass blastability evaluation system. As in Equation 3:
RES is a subjective expert experience analysis method. The expert semi-quantitative method (ESQ) is widely used in the analysis of the influence of different factors. In this method, the interaction strength between each two factors is given by a fixed value chosen by the expert. This kind of judgment guided by expert's experience is highly subjective.
Human subjectivity limits the application of such methods. There exist many analogous subjective analysis methods, such as AHP. With the advantage of cloud theory on the conceptual fuzzy transformation, this study constructs an expert semi-quantitative coding method based on the Cloudinference (CESQ) method, as shown in Fig. 6 . The specific steps are the following:
(1) The principal factors of the rock mass blastability evaluation system are determined. The RES index factor interaction matrix is defined and the scale of influence between the index factors is developed, as shown in Table 1 . In the process of quantitatively describing concepts, specific numbers are used to represent concepts. The 1∼ 4 four integers in Table 1 are more influential, when used in this order. After compiling an interactive matrix questionnaire, expert engineers and research experts estimated the influence values between the indicators in the system. (2) The judgment interaction matrix is fuzzify when the actual experience judgment of engineers is obtained.
The results of the interaction matrix survey is retrieved. The number of each interaction influence scale in the interaction matrix is counted. In the statistical result, the probability that no influence occurs is defined as P a , P b is the probability of weak interaction, P c is the Probability of medium influence, and P d is the probability of strong influence. (3) The Cloud-inference input rules are established. By considering the distinct probability of the judgment results, four cloud models are defined to represent the probability coverage of the four influence scales. Figure 4 (a) displays the regularized input of the cloud inference predecessor. For example, when the input P d
value is high, it may activate the 3th and the 4th clouds. This would indicate that most experts think that one factor in this binary interaction has a decisive influence on another factor. Otherwise P a or any other input value would be larger. The majority of the experts believes that the impact is weak. The probability of inputting the rule of Cloud-inference may then well reflect the experts' experience. (4) In order to explain the output state and increase the accuracy of the Cloud-inference, the four output rules clouds corresponding to the input rules are established based on their degree of influence between 0 and 5. This rule cloud is illustrated in Fig. 4(b) . The number characteristic of the input rule cloud and the output rule cloud are shown in table 2. (5) When determining the degree of influence in the interaction matrix, the cloud inference process designed for fuzzification and it has four inputs. Each input can activate the two rule clouds. There are then 16 corresponding activation rules. The cloud inference system is shown in Figure 5 . For example, when judging the effect of X 1 on X 2 in the interaction matrix, one out of the 10 experts considered that it had no influence, one considered it to be weak, seven estimated that it was medium, and the last one considered it to be strong. The probability of the evaluation data is given by P a = 0.1, P b = 0.1, P c = 0.7, and P d = 0.1. Based on the established base principle of the rule, the output value is 2.75. Using Cloud-inference to encode the interaction matrix decreases the subjective influence of the people based on actual experience. Moreover, it is more in line with the actual situation. Figure. 6 shows the coding probability value between the density factor and other influencing factors in the rock mass blastability evaluation. Moreover, it displays as well the final fuzzy output coding value. As shown in Figure 6 , the ρ has the same effect on UCS and E, but the inferential output value varies within a certain range. It reflects the ambiguity of expert semantics. In general, the fuzzy output value is logically related to the change in input intensity.
IV. ESTABLISHMENT OF AN IMPROVED RES-MULTIDIMENSIONAL CLOUD ROCK MASS BLASTABILITY EVALUATION MODEL A. THE ROCK MASS BLASTABILITY GRADING INDEX AND ITS CLASSIFICATION
Based on several studies in the Tongkeng mine in Guangxi, China, the grade evaluation of the selected rock mass system was carried out by improving the RES-multidimensional cloud blastability evaluation model. This study aims to play a guiding role in this field of work. The rock mass blastability is determined by the multi-factor interaction in the rock mass system characterized by fuzziness and randomness. In the process of selecting several indicators, the systemicity, the availability, the interaction, and the representativeness of these indicators should be considered. Shang et al. [8] , Chen et al. [34] , and other groups reported and worked on the blastability properties of the rock mass in the area of the Tongkeng mine. The density (ρ), the p-wave velocity (V p ), the wave impedance (Z ), the uniaxial compressive strength (UCS), the rock elasticity (E), and the uniaxial tensile strength (UTS) were selected as indicators for the evaluation of the rock mass blastability [35] , [36] . The considered parameters in the system fall into two groups. The first group is the intact rock properties, which include strength, elasticity, deformability, and density of rock, etc. The second group is the rock mass structure are created by long-term geological processes. In this paper, the above six factors are selected by referring to the previous research literature, in which the availability of indicators is considered to reflect the nature of hidden joints and fissures in rock mass by Z (wave impedance) of ore samples. Each factor was divided into five levels (I-V), which were called ''Very easy'', ''Easy'', ''Moderate'', ''Difficult'', and ''Very difficult''. The index classification is given in Table 3 .
B. DETERMINING THE MULTIDIMENSIONAL CLOUD DIGITAL CHARACTERISTICS OF FACTOR
Multidimensional cloud synthesis considers the impact of multiple factors on each level. Therefore, the multidimensional cloud digital feature determination method of the rock mass blastability index is different from the onedimensional cloud. This paper refers to the research [37] to convert:
where N max , N min correspond to the left and the right boundaries of the corresponding level. When there is an infinite limit on one side, the Ex is determined based on the measured value in combination with the previous level, as one can see in Eq. 4. Under the influence of multiple factors, with reference to the ''3En'' principle, En is determined by the maximum expected value of each indicator:
where Ex max is the maximum expected value of each indicator.
The entropy is the measure of the uncertainty of En. Therefore, in this paper, the value of the entropy is determined according to the size of En. Its value is generally 0.01 ≤ He ≤ 0.1.
From these equations, one can calculate the digital characteristics of the multi-dimensional cloud model of the rock mass blastability according to Eq. (4) and (5), as shown in Table 4 .
C. DETERMINIATION OF THE ROCK MASS BLASTABILITY
In Fig. 1 , the one-dimensional cloud is represented by two-dimensional coordinates and the multi-dimensional cloud can be visually represented by high-dimensional images [38] . To deepen the understanding, a two-dimensional cloud model is generated with two indicators, ρ and UTS, in level V. The multi-dimensional cloud generation algorithm flow is shown in Fig. 7 . Input: Ex 1 = 3, Ex 2 = 12; En 1 = 1, En 2 = 4; He 1 = 0.02, He 2 = 0.02, and the number of cloud drops is 1000. The two-dimensional cloud of ρ-UTS is generated as shown in Fig. 8 .
By reviewing all the factors, six indicators in each level generate a 6-dimensional cloud, which represents the current level. A total of five six-dimensional cloud models were established. The measured values of the rock mass samples were input into the model and the rock mass blastability level of each sample was determined by using the Eq. (8) . where n is the dimension, l is the number of the rock mass quality grades, and µ is the membership of the sample data for each multidimensional cloud. The evaluation process of the rock mass blastability of the improved RES-multidimensional cloud model is shown in Fig. 9 . 
V. CASE ANALYSIS
In order to prove the feasibility and the rapid evaluation capability of the rock mass blastability evaluation model with the improved RES-multidimensional cloud, the weight of the factors were obtained and the various factors in the system were analyzed based on the RES theory. The actual engineering test data from the Tongkeng mine are chosen as initial data. The multidimensional cloud model is employed to define the blastability of the rock mass and compared with the actual blasting experiment results. To illustrate the applicability of the method, the specific data are shown in Table 5 .
A. CORRELATION ANALYSIS OF THE INDEX FACTORS AND WEIGHT DETERMINATION
The RES interaction matrix of the rock mass quality evaluation system was filled according to the coding method of the improved interaction matrix (CESQ). A blank interaction matrix was developed according to the scale of Table 1 (no impact, weak influence, medium influence, and strong influence). The matrix table was assigned to ten equal-weight experts with rich engineering experience to encode each set of binary factor matrices in the matrix. The result of the recycling code was fuzzified by using the cloud inference method.
For example, the cloud inference inputs of the rock mass density (ρ) on the compressive strength of the rock mass (UCS) are P a = 0, P b = 0, P c = 0.3, and P d = 0.7. The fuzzy output is 3.62, which corresponds to the encoding of the density interaction ρ of the rock mass and the UCS binary interaction matrix of the compressive strength of the rock mass. The coding between the remaining factors is analogous. The rock mass quality evaluation factor interaction matrix can be obtained as shown in Table 6 . The flow chart of the specific algorithm of cloud inference is shown in Fig.10 . There are complex interactions among various factors in the rock mass evaluation model obtained by CESQ coding. To analyze the interaction strength and the dominantc factors in the system, the effects of the factor Xi on the system (C) and the constraints on the system (E) are shown in Table 6 . In this analysis, the data to map the causal (C-E) diagram of the blastability evaluation system was used, as shown in Figure 11 . The position of each factor in the C-E diagram represents the interaction strength between the factors and the system. In Figure 11 , C = E line divides the causal space into an upper left and lower right parts. The lower right factor of the C = E line has a larger advantage to the system while the upper left factor has a weaker parameter advantage for the system. The analysis of Figure 11 shows that the largest advantage parameter is the rock mass density (ρ) and that this parameter value has the greatest impact on the system. The minimum dominant parameter is the longitudinal wave velocity of the rock mass, because it is strongly limited by other factors. Moreover, the corresponding wave impedance and the elastic modulus also have great influence on the blastability properties of the rock mass.
In Fig. 11 , along the C = E boundary line, as the value of C + E increases, the influence of the factors in the upper right dotted line on the overall evaluation system is more important. Among them, density, wave impedance, uniaxial compressive strength, elasticity of rock, and uniaxial tensile strength are important indicators in the evaluation of the blastability. The interaction between the P-wave velocity of the rock mass in the lower-left frame and the system is relatively small and its importance is weak.
When the C + E value of a factor is large, small changes in the factors can greatly affect the system behavior. Therefore, the C + E value between the factors and the system is an important condition to judge the weight of the factors. Based on the C + E value of each factor, the factor weight (W i ) is obtained via the Equation (3), as shown in Table 7 . 
B. GRADING RESULTS AND ANALYSIS
The RES-multidimensional cloud model can be improved by programming with MATLAB. The sample data in Table 5 constitutes the input of the model to obtain the membership degree of the sample rock mass blastability level. The blastability level of the sample is determined according to the principle of the maximum membership.
S.R. Chen [16] selected some representative sampling sites for a blasting funnel experiment. The blasting index F of each sample was calculated after obtaining the experimental data of the blasting funnel. The results of the sampling experiment showed that only N.22 of the selected samples (9 samples) had F = 68.56. Sample N. 22 showed F > 68 and it just reached the IV membership grade (difficult). Nearly 11.1% of the ore body belongs to IV (difficult) while the others show a better result. The blastability grade and the blasting index of each rock sample are shown in Table 8 .
The 22 sets of sample data in Table 8 were evaluated with the improved RES-multidimensional cloud model. Among them, there were 4 groups that reached the level IV (difficult) with a non-explosion rate of 18.2%. Considering the experimental material error, the experimental error, and the model misjudgment rate, the evaluation results are consistent with the results of the sampling blasting experiment. The availability of the model in the evaluation of the rock mass blastability was verified. In Table 8 it should be noted that the values reported with an ( * ) indicate the maximum membership level and the magnitude membership, in this order. For example, sample N. 16 has a membership degree of class III and class IV of the rock mass blasting grade of 0.6243 and 0.6282, respectively. According to the principle of the maximum membership degree, the section belongs to class IV. However, the rock mass system is a complex fuzzy system with fuzziness and randomness. The multi-dimensional cloud model can effectively decrease the sensitivity of the interval grading. In addition, the membership degree of the two levels is also higher than 0.6. This means that in an actual construction, the sampling sample grade tendency should also be judged and the actual grade of blastability should be determined to assist the production. The remaining asterisk labels in Table 8 have the same meaning. The results show that the rock mass blastability classification model based on the improved RES-multidimensional cloud model is more realistic in the actual grading. Moreover, it is more meaningful in providing guidance to engineering applications. The blastability of the rock mass is determined by a combination of factors. This paper introduces the RES theory and constructs the CESQ fuzzy coding method, which increases the degree of objectivity for a similar subjective analysis. The interaction between the factors is analyzed via the RES interaction matrix. The maximum advantage parameter and the minimum advantage parameter of the system are determined via the C-E diagram and the weight of each factor is determined by the interaction strength between the index factor and the system. The objectivity in the weight determination process can, in this way, be increased. The CM is a superior artificial intelligence algorithm that embodies the ambiguity of the natural concept. In the multidimensional cloud model, CMs of different factors in the same blastability level are used as variables. Therefore, only five multidimensional clouds are needed to complete the judgment process.
In the traditional cloud model grading, 30 one-dimensional clouds (level × factor) have to be generated. The multidimensional cloud not only considers the interaction of the indicators in the system but also provides a hierarchical tendency judgment. Improving the RES-multidimensional cloud model evaluation results to be more practical and faster. The improved RES-multidimensional cloud model is based on the multi-factor interaction principle in the system. By using the improved RES-multidimensional cloud model during the application process, the systematic analysis of the rock mass blastability was achieved. The improved RES theory is based on the principle of multi-factor interaction and the cloud inference algorithm is constructed to serve this purpose. The application field of a similar subjective analysis methods is extended by employing superior artificial intelligence algorithms. The multi-dimensional cloud model can effectively decrease the sensitivity of the evaluation interval and reflect the ambiguity of the actual rock mass system. The model may have a certain tendency in evaluating the results and improving the actual use of the evaluation.
VI. CONCLUSION
In this paper, the use and the availability of several indicator factors, such as the density (ρ), the p-wave velocity (V p ), the wave impedance (Z ), the uniaxial compressive strength (UCS), the rock elasticity (E), and the uniaxial tensile strength (UTS) were selected as indicators for the evaluation of the rock mass blastability. Moreover, five levels for the index factor grading standards and the rock mass blastability were established and a rock mass blastability evaluation system was built. The RES theory was introduced to analyze the interaction between factors from the perspective of system. Considering that the traditional coding method of the RES interaction matrix is subjective, it is easy to affect the accuracy of the system evaluation with this method. In this paper, the statistical probabilistic result of the ESQ coding was used as the input predecessor of the inference process. Based on the artificial intelligence algorithm, a cloud inference coding method (CESQ) was constructed to fuzzy the output of the coded value. The improved method based on artificial intelligence increases the applicability of RES theory to analyze problems. Moreover, it makes its approach more practical. The RES matrix was processed and analyzed to obtain the factor C value, the effect of the factor on the system, and the E value, the effect of the system on the factor. The factor that determines the strongest interaction with the system by the interaction strength C + E value is the UCS. From the C-E diagram, the determination of the rock mass density (ρ) from a spatial point of view is the biggest advantage parameter into the rock mass blastability evaluation, such as the determination of the weight factor according to the other factors and the system interaction strength. The CM was extended to a multidimensional cloud that reflects the combined effects of the factors and was applied to the evaluation of the rock mass blastability. A multidimensional cloud can comprehensively consider the ambiguity and the fuzziness of the rock mass system. Its connotation is more in line with the analysis principle of the improving RES. The two are effectively coupled and were applied to the blastability classification of the rock mass at different sampling sites in the Guangxi Tongkeng mine. The results show that the classification is basically consistent with the explosive coefficient F measured in the sample blasting funnel experiment. The constructed coupling evaluation method highlights a systematic order and simplicity. The fuzzy tendency judgment can be assigned to the actual situation and the construction personnel can be assisted in the decision-making process. Moreover, the practical application is superior.
The model established in this paper has a great role in rock mass blasting classification and mine blasting engineering design. As emphasized in this paper, rock mass systems may possession some uncertainties or fuzziness in their practical. The uncertainty of the rock mass system for the traditional judging process for three reasons. First, the sample selection during the acquisition of the mechanical parameters of the rock mass system is randomly representative. Second, laboratory test data is subjectively uncertain. Furthermore, expert experience expressions have conceptual ambiguity. Traditional explosive evaluation methods often use fuzzy mathematics to solve the problem of randomness, but the conceptual ambiguity of expert experience is often ignored or not referenced. A small amount of laboratory data provides limited information during the evaluation so the evaluation model combined with expert experience will be more conducive to the judgment of the explosive level, reducing the engineer's decision to make a mistake. It is well known from previous studies in the literature that such uncertainties can be best dealt by using the cloud theory. Therefore, this paper constructs a multi-dimensional cloud model to overcome the sharp transitions between two adjacent blastability classes in the evaluation process. Using the improved RES theory to fuzzify expert experience. Based on expert experience and limited data, the rock mass blastability evaluation model is established. In order to replace the dangerous on-site blasting funnel experiment. Become an effective decision-making tool for assisting engineers. The methodologies presented in the recent research have not yet proved to be an alternative to the conventional modeling methods. These computational intelligence systems are developed as complementary tools to conventional analytical and numerical methods. As such, developing methodologies coupling conventional and computational intelligence tools seems promising. Such methodologies shed light on information that could facilitate problem identification and process cognition.
In the process of model building, there are several points that need to be discussed. First, the evaluation system in this study is not perfect, and many more indicators could be adopted. Another reason is that the parameter ''en'' indicating the concept range in the multi-dimensional cloud model is determined according to the expected value of each index, which is greatly affected by the data. Because this model is applied to a small data set, it is impossible to derive representative parameter optimization results, so the choice of this parameter has not been studied in depth.
